This paper uses a unique U.S. airlines panel data set to empirically study the dynamic pricing of inventories with uncertain demand over a finite horizon. I estimate a dynamic pricing equation and a dynamic demand equation that jointly characterize the adjustment process between prices and sales as the flight date nears. I find that the price increases as the inventory decreases, and decreases as there is less time to sell. Consistent with aggregate demand learning and price adjustment, demand shocks have a positive and much larger effect on prices than the positive effect of anticipated sales.
to the large theoretical work (e.g., Prescott (1975) , Eden (1990) , Deneckere et al. (1996) , Dana (1999b) , to most recently Deneckere and Peck (2010, section 3) ) that shows how prices can respond to aggregate demand uncertainty without exploiting learning. In addition, by controlling for price dispersion across flights, this paper contributes to the growing literature on price dispersion in the airline industry (e.g., Gerardi and Shapiro (2009) 
) by
showing the importance of aggregate demand uncertainty and advance sales as a source of price dispersion within flights.
There are three features that make the dynamics of prices and inventories as the flight date nears particularly interesting. First, airlines offer tickets in advance, and unsold tickets expire at departure. Second, capacity is also set in advance and can only be modified at a relatively large marginal cost. Finally, there is uncertainty about the aggregate demand.
Hence, airline ticket sales represent an example of dynamic pricing of inventories with uncertain demand over a finite horizon. This problem arises in a variety of good and services, such as hotel rooms, cabins on cruise liners, car rentals, and entertainment and sporting events. To some extent, it is also present in goods that are not necessarily perishable, but where production decisions are made in advance and demand is uncertain and concentrated during a selling season (e.g., the Christmas shopping season).
The paper takes advantage of a unique panel data set collected from the online travel agency Expedia.com, which contains prices and seat inventories at the ticket level for 103 days prior to the departure of 228 U.S. domestic flights. This is different from most of the empirical research on airlines that uses aggregate data from the Bureau of Transportation and Statistics (e.g., Borenstein and Rose (1994) , and Gerardi and Shapiro (2009)) and research with posted prices without inventories. Stavins (2001) uses prices from the Official Airline Guide, and more recently Bilotkach (2006) , McAfee and te Velde (2007) , and Bilotkack and Rupp (2011) use posted prices from online travel agencies. To focus on the dynamics of prices as the flight date nears, the construction of the data set controls for product heterogeneities and "fences" that segment consumers (e.g., Saturday-night stayover, different connections/legs, refundability, and fare class).
To answer how prices depend on days to departure and inventories, I estimate a pricing equation that is consistent with the theoretical models in Gallego and van Ryzin (1994) , Zhao and Zheng (2000) , and Deneckere and Peck (2010) . The estimation controls for time-invariant flight-, carrier-, and route-specific characteristics and takes into account the dynamic feedback between sales and prices. This means that sellers and buyers can behave dynamically: The decisions to price and to buy today can be affected by previous realizations of fares and sales. Moreover, sellers and buyers can adopt a forward-looking perspective and form beliefs about the future evolution of prices and inventories. Supporting the theoretical prediction in Gallego and van Ryzin (1994) , the results show that the price is lower if there is less time to sell: For every day that passes without sales, the price falls 57.1 cents. Furthermore, prices increase 7 and 14 days before departure, consistent with the arrival of higher valuation travelers (see Zhao and Zheng (2000) and Su (2007) ).
Finally, consistent with Gallego and van Ryzin (1994) , Zhao and Zheng (2000) , and models where price dispersion arises from the combination of costly capacity and aggregate demand uncertainty (e.g., Prescott (1975) ), the estimates indicate that one fewer available seat increases fares by 1.53 dollars.
I follow a two-step approach to answer whether carriers learn about the aggregate demand. In the first step I estimate a dynamic demand equation that formalizes the feedback from prices to cumulative bookings, and use the estimates to separate bookings into expected bookings (booking curve) and unexpected bookings (demand shocks). In the second step I estimate a dynamic pricing equation that differentiates the effects of these two booking components on pricing decisions. The results show that prices respond to new information about the pattern of sales (demand shocks). Moreover, the estimates indicate that the positive response of prices to unexpected sales (demand shocks) is statistically and economically greater than the positive response of prices to anticipated sales. This pattern is consistent with aggregate demand learning and price adjustment, as opposed to the hypothesis that prices adjust mechanically to sales, whether or not they are expected. Aggregate demand learning combined with the estimated downward sloping dynamic demand means that airlines can partially control the evolution of bookings via prices.
The paper is related to the literature on peak-load pricing. 1 Borenstein and Rose (1994) provide a distinction between two types of peak-load pricing in airlines. The first is systematic peak-load pricing, which reflects variation in the shadow cost of capacity due to demand fluctuations known at the time the flight is scheduled. The second is stochastic peak-load pricing, which reflects demand uncertainty resolved only as sales progress. 2 In this paper, I control for systematic peak-load pricing and find empirical support to specific predictions from some stochastic peak-load pricing models. When prices are set before sales begin Prescott's (1975) static stochastic peak-load pricing model predicts an upward schedule of fares. Eden (1990) formalizes Prescott's model and Dana (1999b) extends it to monopoly and imperfect competition. 3 Eden (1990) and Lucas and Woodford (1993) point out that Prescott's static model has an interesting time-consistency property. Even if prices are allowed to change during the selling season, learning about the final state of the demand is needed to deviate from the original price schedule. Deneckere and Peck (2010) present a generalized multiple period version of Prescott's model, where demand is gradually learned over time and prices are allowed to change each period. While advancepurchase sales are important for learning, they can serve other purposes as well. Gale and Holmes (1993) show that advance-purchase discounts can be used to divide uncertain peak demand more evenly between two departures, while Dana (1998) shows that they can be used to screen consumers and price discriminate. 4 1 For peak-load pricing under certainty, see Boiteaux (1980) and Williamson (1966) , and under uncertainty, see Visscher (1973) and Carlton (1977) .
2 Using ex-ante known demand intensities, Escobari (2009) estimates a congestion premia associated with systematic peak-load pricing.
3 Escobari and Gan (2007) find empirical support for these models. 4 Escobari (2009) provides empirical support for the main empirical prediction in Gale and Holmes (1993) The paper is also related to a strand of literature that comes from operations research.
A number of papers consider the problem of dynamically pricing a stock of perishable product over a finite time horizon (e.g., Gallego and van Ryzin (1994) , Zhao and Zheng (2000) , and Su (2007)). 5 The closest to my paper is Lin (2006) , who presents a model where the seller uses realized demand to infer about the arrival rate, update the future demand distribution, and set the price. Consistent with my results, Lin finds that higher prices should be set when demand is expected to be larger.
The organization of the paper is as follows. Section 2 explains the data, provides preliminary evidence of learning, and presents an overview of the estimation. The motivation and estimation of the dynamic pricing equation is presented in Section 3. Section 4 deals with the motivation and estimation of the dynamic demand and discusses the beliefs. Section 5 separates the evolution of bookings into booking curve and demand shocks, and presents the dynamic pricing with learning. Section 6 concludes. Delta, United, and US Airways, with the proportion of flights of each carrier chosen to be close to its share in the U.S. market. This data set is similar to the one used in Stavins -less discount seats on ex-ante known peak flights. Puller et al. (2008) find modest support for Dana (1999b) and Gale and Holmes (1993) , and strong support for models of second-degree price discrimination. 5 See McGill and van Ryzin (1999) and Elmaghraby and Keskinocak (2003) for references to and descriptions of various theoretical models.
(2001), but with two important improvements. First, it is a panel, which allows to control for unobserved time-invariant flight-, carrier-, and route-specific characteristics. Second, it has information about seat availability at each fare, obtained from the seat-availability map, where the available preferred or prime seats are counted as available seats.
The construction of the data set controls for important sources of price dispersion in the industry. By picking one-way flights, the paper controls for fare differences associated with round-trip tickets (e.g., Saturday-night stayover, minimum stay and maximum stay). Selecting non-stop flights controls for price variation that arises in more sophisticated itineraries (e.g., different connections/legs). Economy-class tickets control for the fare class, and by selecting the least expensive price, I control for the existence of more expensive refundable tickets. Moreover, tickets obtained through frequent-flyer programs are excluded from the sample. Additionally, having only one-way non-stop flights is helpful to define a single inventory level at each posted price. Including complex itineraries, additional fare classes, round-trip tickets, or international destinations would impose an important burden on the empirical section. For the inventory levels, it would mean having more than one inventory at each posted fare. For the fares, it would involve including ticket characteristics that the carrier can use to screen consumers and price discriminate.
[ is the ratio of unavailable seats to total seats in the aircraft. I refer to this ratio as the load factor, which is a ticket-level load factor that can change at each posted fare, ranging from zero if the plane is empty to one if it is full. 6 Figure 1 displays the average and the standard deviation of fares across the 228 flights at different days prior to the departure date. Two things are worth noting in this figure. First, average fares appear to increase over time. Second, the dispersion of fares across flights is fairly constant, with only a slight increase close to the departure date.
[ Figure 1 , here.]
Preliminary Evidence of Demand Learning
Preliminary evidence and the intuition behind aggregate demand learning and price adjustment is illustrated in Figure 2 for Delta flight 1588, which goes from from Atlanta, GA (ATL) to San Jose, CA (SJC). The figure plots the dynamics of fares, load factors (actual bookings), and demand shocks, defined as the deviations of actual bookings from the expected evolution of bookings. The key point in this figure is that it illustrates the different responses of fares to expected and unexpected changes in load factors. Between 85
and 82 days in advance, the load factor increased by 0.14 (14% of the aircraft's capacity).
It is reasonable to believe that this jump in sales came as a surprise to Delta, meaning actual bookings 82 days in advance were above expected bookings. Demand learning and price adjustment means that Delta is able to find out about this new information regarding the pattern of bookings (demand shock) and respond by increasing fares. That appears to have happened 82 days in advance, when the price increased from $469 to $664. 7 Fares are nearly unresponsive to the 0.22 increase in load factor between 58 and 19 days before departure, because this increase appears to be within the expected evolution of cumulative bookings.
[ Figure 2 , here.]
Overview of the Estimation
To answer how fares respond to days to departure and inventories, I estimate a dynamic pricing equation. I follow a two-step procedure to answer whether airlines learn about the aggregate demand and adjust their fares in response to new information. In the first step I estimate a dynamic demand to characterize the evolution of bookings and to separate bookings into the booking curve and demand shocks. The second step consists of estimating a dynamic pricing equation with learning, where anticipated and unanticipated bookings are allowed to have a different effect on fares.
7 A similar (negative) demand shock appears to have occurred at 64 days in advance. The decrease in the load factor may reflect reserved tickets that were never bought, or tickets that were canceled/returned.
Dynamic Pricing

Dynamic Pricing Equation
I estimate the following dynamic specification to answer whether fares rise as the departure date nears and whether fares increase as inventory decreases:
The subscript i refers to the flight, j to the route, and t to time. The variable ln(Fare) ijt is the logarithm of fare and DayAdv t is the number of days prior to the departure date, both measured at time t. 8 Load ijt is the load factor at the end of period t; therefore, Equation 1 is consistent with the price posting theoretical model in Deneckere and Peck (2010) , where carriers post prices based on the beginning-of-period cumulative bookings,
Load ij,t−1 . This specification is also consistent with Gallego and van Ryzin (1994) and Zhao and Zheng (2000) , where prices depend on inventories and on time to departure.
ν ij captures the time-invariant flight-, carrier-, and route-specific effects, and ε ijt denotes the remaining disturbance. Notice that ν ij captures the time-invariant carrier-and routespecific characteristics in a flexible way, allowing them to vary across flights within the same carrier and across flights within the same route. Time-invariant characteristics comprise most of the controls included in Stavins (2001) (e.g., Herfindahl index, distance, and hub) and unobservables, such as managerial capacity and systematic peak-load pricing, which arises due to congestion known at the time the flight is scheduled. 9
Even though the coefficient on the lagged dependent variable is not of direct interest, allowing for dynamics in the underlying process may be crucial for recovering consistent estimates of the effect of DayAdv and Load on fares. The correlation between prices and cumulative bookings may reflect a common driving force that arises from a dynamic adjustment process. Because cumulative bookings at time t come from the aggregation of previous single-period demands that depend on their contemporaneous posted prices,
8 DayAdvt can be calculated as 1 + 3 × (35 − t) for t = 1, 2, . . . , 35. 9 Borenstein and Rose (1994) control for systematic peak-load pricing under the assumption that it is correlated with airlines' fleet utilization rates and airports' operation rates, both being time-invariant and part of νij in Equation 1. Flights at more congested departure times that are associated with a larger shadow cost of capacity will have a larger νij, all else equal.
Load ij,t−1 will be treated as weakly exogenous. Maintaining that the disturbances are serially uncorrelated, Load ij,t−1 is predetermined in the sense that it is uncorrelated with ε ijt , but Load ij,t−1 may be correlated with ε ij,t−1 and earlier shocks,
Serially uncorrelated disturbances mean that ε ijt corresponds to an unexpected change in prices, and that previous unexpected changes cannot be used to predict future unexpected changes. ε ijt represents the random part of prices that may include a "last-minute deal" that consumers cannot predict from past variables or the state of sales. Moreover, weak exogeneity does not restrict consumers or sellers from adopting a forward-looking perspective,
and it is consistent with rational expectations models.
To allow for this dynamic feedback between Load and fares and to obtain consistent estimates of the coefficients of interest γ and β, I will initially use the difference GMM estimator for dynamic panel data models proposed by Holtz-Eakin et al. (1988) and Arellano and Bond (1991) . They suggest estimating Equation 1 by taking first differences to eliminate the unobserved time-invariant flight-, route-, and carrier-specific characteristics
Then there is the need of a vector Z of instruments to construct the moments E(∆ε ijt Z) and to estimate Equation 3 via GMM. Under the assumptions that the error term ε ijt is not serially correlated and that Load ij,t−1 is weakly exogenous, lagged values of Load ij,t−1 are valid instruments for ∆Load ij,t−1 . By construction the new error term ∆ε ijt is correlated with the lagged dependent variable; hence, ln(Fare) ij,t−2 and earlier lags are used as instruments for ∆ ln(Fare) ij,t−1 . Because DayAdv t is treated as strictly exogenous, I
simply use ∆DayAdv t as its own instrument in the difference equation. Blundell and Bond (1998) ments for the regression in differences are the same as above and the instruments W for the regression in levels are the lagged differences of ln(Fare) ijt and Load ijt . While the levels of ln(Fare) ij,t−1 and Load ij,t−1 may be correlated with ν ij , for the instruments W to be valid, W is assumed to be uncorrelated with ν ij . The assumption is realistic because Load measures sold inventories relative to the aircraft size. Thus, Load will not be affected by any ν ij that impact the total number of seats sold, but leave the ratio of seats sold to total seats unchanged. Moreover, because ν ij does not change during the selling season, if observed by the carrier it will be before sales begin and when the aircraft size can still be modified at a relatively low marginal cost. Even if scheduling a different-sized aircraft is not possible, the carrier will likely absorb any (observed) ν ij by setting higher/lower prices across all tickets. The idea is that the carrier will not want any (observed) ν ij to affect
Load ijt − Load ij,t−1 throughout the selling season because Load should evolve between zero and one on every flight, regardless of ν ij . This means that ν ij is almost certainly correlated with the levels of ln(Fare) ij,t−1 . Finally, there may be reasons to believe that ν ij may be correlated with Fare ijt − Fare ij,t−1 (no logs) if the change in the dollar amount of fares is greater in more expensive flights; however, that is less likely to be the case for the first differences of ln(Fare) ijt , ln(Fare ijt /Fare ij,t−1 ).
Dynamic Pricing Estimates
The results from the estimation of the pricing equation are reported in Table 2 . For comparison purposes, the first four columns report four sets of estimates that assume strict exogeneity of ln(Fare) ij,t−1 and Load ij,t−1 , while the GMM estimates that relax this assumption are reported in the last four columns. In column 1, the negative coefficient on the DayAdv variable indicates that fares are higher closer to the departure date,
but this estimate appears to be downwards-biased mainly because of the omitted variable
Load ij,t−1 . A negative omitted-variable bias is consistent with the negative correlation between Load ij,t−1 and DayAdv t (fewer available seats closer to the departure date) and the positive correlation between ln(Fare) ijt and Load ij,t−1 (higher fares with fewer available seats). The second column presents a (misspecified) static pricing equation, where the estimate on the DayAdv variable appears downwards-biased largely because of the omitted variable ln(Fare) ij,t−1 (when compared to column 4) and because it ignores the dynamic feedback between current inventories and previous prices (when compared to the GMM specifications). 10
The estimates in columns 3 and 4 behave as expected in the presence of flight-specific effects. Consistent with the Monte Carlo simulation results in , the Pooled OLS appears to give an upwards-biased estimate of the coefficient on the lagged dependent variable, while the Within appears to give a downwards-biased estimate of this coefficient. Also consistent with , the estimates on DayAdv and
Load appear to have a large negative bias in the Pooled OLS and a smaller negative bias in the Within specification. find that the bias is larger when the regressor is persistent, which is the case with DayAdv and to a lesser extent with Load.
What is puzzling is the difference in the estimated DayAdv coefficient between the Within specification in column 4 and the GMM specifications, especially because DayAdv t is always treated as strictly exogenous and the GMM are specifically utilized to deal with the weakly exogeneity and the endogeneity of Load ij,t−1 and ln(Fare) ij,t−1 respectively. This difference is consistent with the asymptotic (N → ∞) bias of strictly exogenous variables for the Within estimator derived in Nickell (1981 Nickell ( , p. 1424 . He finds that the Within estimator of γ is downwards biased if the time-demeaned exogenous variable is negatively related (in the regression sense) with the lagged time-demeaned dependent variable, which is the case here. 11
[ Columns 5 and 6 present the two-step first-differenced GMM panel estimates. 12 Column 10 A negative omitted-variable bias would be consistent with the negative correlation between DayAdvt and ln(Fare)ij,t−1, and the positive correlation between ln(Fare)ijt and ln(Fare)ij,t−1. The dynamic demand estimates will show why Loadij,t−1 needs to be treated as weakly exogenous in Equation 1. 11 Specifically, the asymptotic bias derived in Nickell (1981) is 12 Given the apparent persistence of fares and load, I follow by estimating simple 5 uses ln(Fare) ij,t−2 and the second lag of Load as instruments, while column 6 uses ln(Fare) ij,t−2 and the second and third lags of Load as instruments. The validity of these specifications is addressed with two tests. To assess the assumption that the error term ε ijt is not serially correlated, I test whether the differenced error term is second-order serially correlated. The large p-values provide strong support for a valid specification. The Sargan test of over-identifying restrictions to test the overall validity of the instruments shows that the null hypothesis -that the lagged levels dated t − 2 (column 5) as instruments are not correlated with the residuals -is rejected. However, at a 5% significance level, the null in the Sargan test for the lagged levels dated t − 3 (and earlier) as instruments in column 6 is not rejected. The two-step GMM system estimates are reported in columns 7 and 8. The additional instruments for the levels equations are ∆ ln(Fare) ij,t−1 and ∆Load ij,t−1 . The second-order serial correlation test strongly supports the assumption of no serial correlation.
Furthermore, the Sargan test of over-identifying restrictions, which analyzes the sample analogs of the moment conditions used in the GMM estimation, validates the instrument list. The Difference Sargan test validates the additional instruments used in the levels equations.
The positive and highly significant effect of cumulative bookings on fares across all specifications of Table 2 indicate that, all else equal, fares increase as the aircraft's remaining capacity becomes scarcer. This positive sign is consistent with the theoretical models in Gallego and van Ryzin (1994) and Zhao and Zheng (2000) . This is also consistent with models where price dispersion arises from the combination of costly capacity and aggregate demand uncertainty (e.g., Prescott (1975) , Eden (1990) , Dana (1999a) , and Dana (1999b) ).
The estimated coefficient in column 8 indicates that in a 100-seat aircraft, fares increase by $1.53 ($291.1×0.527/100) for each fewer available seat. A standard deviation increase in utilized capacity increases fares by $38.65, which corresponds to a 49.09% within flight standard deviations of fares.
The positive and significant coefficients on DayAdv indicate that, holding inventories constant, fares decrease as there is less time to sell. The point estimate in column 8 reads that on average when a day passes without sales, the price falls 57.1 cents AR(1) specifications for ln(Fare) and Load. The results confirm Load to be persistent, but the estimates of the autoregressive terms were smaller and more precise than those in .
($291.1×1.961/10 3 ). In their review of airline pricing, McAfee and te Velde (2007) explain that falling prices as takeoff approaches is a remarkably robust prediction of theories. This includes the theoretical predictions in Kincaid and Darling (1963) and Gallego and van Ryzin (1994) , where the intuitive explanation of falling prices follows from the perishable nature of airline seats. A given inventory of seats will be more difficult to sell if there is less time; hence, there is the incentive to lower the price. 13
[ Table 3 , here.]
The key assumption behind decreasing prices over time in Gallego and van Ryzin (1994) is that the reservation price distribution is the same across all consumers. This assumption is unlikely to hold in airlines because consumers who purchase closer to the departure date tend to have higher valuations. Zhao and Zheng (2000) find that prices can increase as time to expire decreases if the reservation price distribution shifts to the right. Moreover, Su (2007, p. 735) shows that higher prices closer to departure can exist because business travelers who have lower waiting costs do not mind committing to travel schedules later.
The predictions in these two papers are in line with the common observation of higher prices closer to the departure date, as Figure 1 suggests. While lower inventories and the positive Load coefficient can explain higher prices closer to takeoff, Figure 1 shows that prices increase much faster in the last two weeks. To capture potential non-linearities, Table 3 offers additional results that include the indicator variables 1 [DayAdv<k] for k = 7, 14, which equal one if DayAdv is less than k, zero otherwise. The main findings from Table 2 hold; moreover, the indicator variables capture jumps in prices. While the dynamic pricing equation did not require models for Load to be specified to estimate the parameters (α, γ, β), modeling Load and formalizing the feedback mechanism from prices to cumulative bookings serves two purposes. First, the feedback mechanism has a dynamic demand interpretation and shows how bookings depend on previous prices.
Second, the feedback mechanism can be used to characterize the evolution of cumulative bookings and to separate bookings into expected and unexpected bookings. This section focuses on the estimation and discussion of the dynamic demand, whereas the next section discusses how to separate bookings into these two components.
The demand is dynamic because at each point prior to departure newly arrived and existing consumers form expectations about future prices and future product availability, which affect their decision to buy a ticket at the going price, wait to purchase later, or exit (see, for example, Su 2007) . Moreover, the current decision affects future utility because, even though consumers buy a ticket today, the good is consumed in the future. Demand dynamics in airlines is related to demand dynamics for storable and durable products because in all these cases demand anticipation is important. 14
Dynamic Demand Equation
The stock variable Load comes from the aggregation of sales that occurred during previous periods. Sales during period t can be obtained as the difference between beginning-of-period and end-of-period cumulative bookings, ∆Load ijt = Load ijt − Load ij,t−1 . I model period t demand, ∆Load ijt , to depend on the demand last period (which brings on the dynamics), contemporaneous posted fares, and the number of days to departure:
η ij captures the time-invariant fight-, carrier-, and route-specific effects, and u ijt are random error terms independent of all random variables introduced earlier. This feedback mechanism between prices and sales is consistent with the theoretical model in Deneckere 14 Pesendorfer (2002) and Hendel and Nevo (2006) show that consumers anticipate their demand for storable products. When prices are low consumers increase their purchases to store for future consumption.
and Peck (2010), where within each period firms start posting prices for that period (Equation 1), then consumers arrive in random order, observe posted prices, and decide whether to purchase (Equation 4). A downward-sloping demand curve, φ < 0, will let sellers control the intensity of the demand via prices, as in Gallego and van Ryzin (1994) .
An issue in the estimation of Equation 4 is the potential endogeneity of fare. Endogeneity arises if there is correlation between ln(Fare) ijt and the unobserved η ij + u ijt . The most common cause of this correlation is if the carrier sets prices knowing more about the error term than the econometrician. Taking first differences eliminates the time-invariant effect η ij :
Then the GMM dynamic panel estimators allow for different assumptions on the contemporaneous correlation between ln(Fare) ijt and u ijt . Notice that under the assumption of serially uncorrelated u ijt , these errors can be interpreted as the random part of sales (demand shocks) that cannot be predicted based on previous realizations of the variables or previous realizations of the error term.
A first approach will assume ln(Fare) ijt is predetermined; hence, u ijt represents a true demand shock for both the carrier and the econometrician. This means that the carrier sets prices after observing previous realizations of the demand shocks but does not observe the contemporaneous or future demand shocks. Arellano and Bond (1991) propose estimating the equation in differences using the moments E(∆u ijt M) = 0, where M is the vector of instruments that contains the lags of ln(Fare) ijt , and because ∆u ijt is correlated with ∆ 2 Load ij,t−1 , M also includes the lags of Load ij,t−1 . For the system GMM estimator -which combines Equations 4 and 5 -the additional moment conditions for the equation in levels are E[(η ij + u ijt )H] = 0. The vector of valid instruments H includes ∆ 2 Load ij,t−1 , ∆ ln(Fare) ijt , and the lags of both. The assumption for the validity of these additional instruments is that they should be uncorrelated with η ij ; however, there could still be correlation between ∆Load ij,t−1 or ln(Fare) ijt and η ij . To see why this is a reasonable assumption, keep in mind that η ij captures the time-invariant characteristics that affect sales relative to capacity (∆Load ijt ) on every period t prior to departure.
Correlation between ∆ 2 Load ij,t−1 and η ij can be interpreted as flight-, carrier-, or route-specific characteristics that affect the rate at which sales increase (or decrease) throughout the selling period. This kind of correlation is very unlikely because Load ∈ [0, 1] and airlines will adjust capacity before sales begin to take into account any observed η ij that can affect the demand for a flight. For example, a flight with a particularly large demand will be assigned larger capacity, making the correlation between ∆Load ij,t−1 and η ij unlikely (while still allowed) and the correlation between ∆ 2 Load ij,t−1 and η ij even less likely.
Similar to the discussion of the instruments for Equation 1, it is also unlikely to have time-invariant characteristics that affect sales to also change with ∆ ln(Fare) ijt . Treating ln(Fare) ijt as predetermined when it is endogenous will yield a biased estimate of φ. In particular, if u ijt is positively correlated with price, the estimate of φ will be upwardsbiased.
A second approach treats ln(Fare) ijt as endogenous by allowing for contemporaneous correlation between u ijt and ln(Fare) ijt . Treating ln(Fare) ijt as potentially endogenous invalidates ln(Fare) ij,t−1 and ∆ ln(Fare) ijt as instruments. Hence, the vector M of instruments for the difference equation can only include ln(Fare) ij,t−2 and its lags, while the vector H of instruments for the levels equation can only include ∆ ln(Fare) ij,t−1 and its lags. Modeling ln(Fare) ijt as endogenous when it is predetermined still yields consistent estimates; however, it does not use all the available instruments. Treating ln(Fare) ijt as endogenous affects the interpretation of u ijt ; while it is still a shock for the econometrician, it may not be an unobserved demand shock for the carrier.
The dynamic adjustment process between prices and sales, as characterized by Equations 1 and 4, imply that consumers and sellers can behave dynamically. Equation 1 suggests that previous sales affect the current posted price, while Equation 4 suggests the decision to buy a ticket today at the current posted price can be affected by previous realizations of fares. Equations 2 only imply that the consumer's decision to buy a ticket today must be uncorrelated with future price shocks ε ijt . Moreover, weak exogeneity or endogeneity of ln(Fare) ijt means that the price today is uncorrelated with future demand shocks u ijt . This do not restrict consumers or sellers from adopting forward-looking perspectives. Weak exogeneity and endogeneity are consistent with rational expectations models, in which sellers' and buyers' beliefs would be equal to the true data-generating process. However, sellers and consumers can have their own subjective beliefs about the evolution of prices and sales, not necessarily following Equations 1 and 4. As explained in Arellano and Bond (1991) , short-run dynamics will compound influences from expectations formations and decision processes. Even if all travelers have rational expectations about the evolution of fares and sales, the presence of private information and arrival rates implies variance in who actually buys in any period. Private information arises because consumers are heterogeneous and they privately know their own individual demand and valuation, in addition to potential heterogeneity in the formation of beliefs.
In airlines, agents' beliefs about the evolution of sales and prices are formed not only based on current and past realizations of sales and prices for one particular flight. Airlines use historical data, and buyers are likely to be familiar with price patterns based on previous trips. Beliefs are important because consumers can purchase at the ongoing price or delay their purchase decisions. If a consumer is optimistic about future prices, he might expect the possibility of a "last-minute deal" and prefer to postpone his purchase. Forward-looking behavior combined with the existence of higher expected fares closer to the departurewhich does not rule out occasional last-minute deals -can lead consumers to buy tickets as soon as they solve their individual demand uncertainty. For concern about its reputation, it is not optimal for the carrier to have frequent last-minute deals because this can result in a large fraction of buyers delaying their purchases. At some point, it may be more valuable for the airline to fly with idle capacity than to set lower fares close to departure. Table 4 reports the results from the estimation of the dynamic demand in Equation 4.
Dynamic Demand Estimates
DayAdv t is treated as strictly exogenous in all the specifications. ln(Fare) ijt is treated as strictly exogenous in columns 1 and 2, as weakly exogenous in columns 3 through 6, and as endogenous in columns 7 and 8. 15 The four system GMM estimates pass all the specification tests. There is strong evidence that u ijt is not serially correlated, and the 15 Instruments for the first-differenced equations are lags 1 and 2 of ∆Loadij,t−1 and ln(Fare)ijt in columns 3 and 5, and additionally lags 3 in columns 4 and 6. The instruments used in the levels equations of columns 5 and 6 are ∆ 2 Loadij,t−1 and ∆ ln(Fare)ijt. Treating ln(Fare)ijt as potentially endogenous invalidates ln(Fare)ij,t−1 and ∆ ln(Fare)ijt as instruments. Hence, the first-differenced equations in column 7 use lags 1 and 2 of ∆Loadij,t−1 and ln(Fare)ij,t−1, and in column 8 additionally use lag 3. The levels equations in columns 7 and 8 use ∆ 2 Loadij,t−1 and ∆ ln(Fare)ij,t−1.
instruments and the additional instruments are validated by the Sargan and the Difference Sargan respectively.
[ Table 4 , here.]
All GMM specifications find a statistically significant negative coefficient for ln(Fare) -a downward sloping period t demand. Moreover, there is almost no difference between the estimates that treat prices as weakly exogenous and those that treat prices as endogenous. This is evidence that u ijt represents a shock not only for the econometrician but also for the carrier. The coefficient on ln(Fare) in column 6 indicates that when the price of a ticket in period t increases by 10%, contemporaneous sales decrease by 0.28 seats in a 100-seat aircraft. 16 This estimate is reasonable because if a carrier expects to sell 2 seats on a given period, with a 10% higher price expected sales drop to 1.72 seats. All four system GMM specifications also agree on the sign and provide a similar magnitude for the effect of days in advance. The estimates suggest that sales increase as departure nears: the estimate in column 6 reads that, for each day closer to the departure date, sales increase by 0.0476 seats for a 100-seat aircraft. Additional results presented in the Appendix show very similar estimates for specifications that include a second-order autoregressive term and use different sets of instruments.
Dynamic Pricing with Learning
Separating the Booking Curve and the Demand Shocks
An alternative way to write Equation 4 to illustrate the feedback mechanism from previous prices to cumulative bookings is
When φ = 0, Load ij,t−1 in Equation 1 is strictly exogenous. When φ = 0, Load ij,t−1 is weakly exogenous and depends via ln(Fare) ij,t−1 on all past disturbances, not just on ε ij,t−1 . Without Load ij,t−2 and DayAdv t , Equation 6 is one of the characterizations of the feedback mechanism presented in Bun and Kiviet (2006) . 17 Equation 6 can be written to emphasize the existence of two different components:
The first term on the right-hand side is the "anticipated" component, which depends on all previous sales and prices, captured by the lags of Load ijt and ln(Fare) ijt , and the second term is the "unanticipated" component or demand shock at period t. 
Dynamic Pricing with Learning Equation
After separating the evolution of cumulative booking into the booking curve and demand shocks, I replace Load ij,t−1 in Equation 1 with BC ij,t−1 and S ij,t−1 to estimate the effect of each of these components on price, ln(Fare) ijt = α ln(Fare) ij,t−1 + γDayAdv t + β BC BC ij,t−1 + β S S ij,t−1 + ν ij + ε ijt , (8) with both BC ij,t−1 and S ij,t−1 treated as weakly exogenous. S ij,t−1 is the new piece of information about the pattern of sales that was not available when the carrier set the price last period. A positive β S coefficient means that if there is a positive demand shocksignaling that actual bookings are above expectations -the carrier sets a higher price, evidence that the airline responds to new information about the pattern of sales. Moreover, aggregate demand learning and price adjustment occurs if the response to a demand shock 17 Bun and Kiviet (2006) formalize the feedback mechanism to analyze the finite sample behavior of particular least-squares and method-of-moments estimators. A similar characterization is used in in Monte Carlo simulations.
is greater than the response to an anticipated sale. There is learning in the sense that the carrier can distinguish between expected sales and demand shocks.
Following the estimation of Equation 1, after first differencing Equation 8 I use the moments E(∆ε ijt Z) = 0. The vector of instruments Z will have lags of ln(Fare) ij,t−1 , BC ij,t−1 , and S ij,t−1 to instrument for ∆ ln(Fare) ij,t−1 , ∆BC ij,t−1 , and ∆S ij,t−1 , respectively. Moreover, ∆DayAdv t serves as its own instrument. For the system estimator, the 
Identification
The identification of the pricing and demand equations comes from variation over time in prices and sales. As previously discussed, the identification in the first-difference estimator requires limited serial correlation in the error term and instruments that are exogenous.
These assumptions are tested using a serial-correlation test and the Sargan over-identifying restrictions test, respectively. When the variables are persistent the first-difference estimator may suffer from weak instruments, hence the use of the system estimator. The validity of the additional moment conditions in the system estimator is tested with the Difference Sargan test.
Notice that the identification of the demand shocks comes from the specific flight's demand pattern relative to other contemporaneous flights. This is because the estimation of the booking curve uses the same data as the estimation of the pricing equation, with all the flights sharing the same departure date. Airlines have more information than what is used in this paper, and it is reasonable to believe that they use historical data within flights to estimate the booking curve and not necessarily data across flights.
18 Abowd et al. (1999) have a more recent implementation of this model.
One limitation in this strategy to identify demand shocks is that even though the estimation controls time-invariant characteristics, there may be some time-variant characteristics not captured by the BC that would be captured if I were using historical data.
For example, airlines know whether some flights should fill earlier than others (e.g., flights
with more tourists fill earlier). In this case, a higher Load that is not captured by the BC will appear to be a demand shock. Hence, there is some additional variation in S that corresponds to the BC, and this should bias the estimates against finding learning and price adjustment. One benefit of using data across flights is that all flights in the sample share the same departure date and the same dates prior to departure. This is helpful in controlling for time-variant characteristics common to all flights. If sales are particularly different during specific dates prior to departure (e.g., higher closer to departure), this is known ex-ante by the carrier and will also be part of the estimated BC. Hence, it should not mislead the carrier into thinking that it is a flight-specific demand shock. Table 5 reports the parameter estimates of the dynamic pricing with learning equation.
Dynamic Pricing with Learning Estimates
To separate cumulative bookings into BC and S, columns 1 and 2 use the estimates from the dynamic demand in column 8 of Table 4 , which treats price as endogenous. Columns 3 through 10 use the estimates from column 6 of Table 4 , which treats price as predetermined. 19 To illustrate some of the dynamics of S, Figure 2 plots the demand shocks obtained using the estimates in column 6 of Table 4 . The fast increase in the load factor at 82 days to departure is captured as a positive demand shock.
[ Table 5 , here.]
All the columns in Table 5 pass the three specification tests. The two main coefficients of interest -the marginal effects of BC and S -are both positive and highly significant across the first four specifications. Evaluated at the sample mean of fares, the coefficient on BC in column 4 indicates that in an aircraft with 100 seats, every additional expected sale increases fares by $0.79 ($291.1×0.273/100). The positive and highly significant coefficient on S shows strong evidence that prices respond to new information about the pattern of sales. The coefficient on S from column 4 indicates that if there is a positive demand shock in period t, every additional unanticipated sale will increase fares by $1.92. Across these first four specifications, at at least 1% significance level, the response of prices to an unanticipated sale is greater than the response to an anticipated sale. This is evidence of aggregate demand learning and price adjustment as opposed to prices mechanically adjusting to sales, whether or not they are expected. Columns 5 and 6 show that when allowing for breaks at 7 and 14 days prior to departure the coefficient on BC is no longer significant, but the main result holds: an unanticipated sale has a larger effect on prices than an anticipated sale.
The combination of the estimated coefficients on BC and S can predict price drops for a sufficiently large negative demand shock. For example, using the estimates in column 4 and for a 100-seat aircraft, if the carrier expects to sell two seats but only sells one, Columns 9 and 10 show how learning and price adjustment changes as the departure date nears. Intuitively, being one seat above expectations long before departure should have a smaller impact on fares than being one seat above expectations when there is less time to sell. The coefficients in column 10 evaluated at the sample average of fares illustrate that in a 100-seat aircraft, a demand shock of one additional unexpected sale increases fares by $2.52 at four weeks before departure, but increases fares by $3.12 at one week before departure. 21 I present various robustness results in the Appendix.
These aggregate demand learning and price adjustment results are consistent with serial nesting of booking classes. In an expected peak flight, when a higher booking class sells more quickly than expected, serial nesting of booking classes allows sales from a lower booking class to be available. Therefore, for booking classes within the same cabin, inventories for a lower class are always counted as available for higher booking classes. This occurs in such a way that higher booking classes can never be sold out before a lower booking class. On the other hand, seats from a higher booking class might be released into a lower booking class in an expected off-peak flight. This serial nesting changes the lowest available fare in the same way it is observed in the data. were not statistically significant.
21 Notice that these specifications no longer follow Pagan (1984) ; hence, I bootstrap the two-stage procedure to obtain bootstrap standard errors, clustered by flight.
one-way price. 22
This paper uses a unique panel data set of U.S. domestic flights to empirically study the dynamics of prices and inventories as the departure date nears. The construction of the data set controls for important sources of price dispersion in the industry (e.g., Saturday-night stayover, fare class, refundability, different connections/legs, minimum-and maximumstay), while the panel structure is key to control for unobserved time-invariant flight-, route-, and carrier-specific characteristics. The results showed that, for a given inventory, fares decrease as there is less time to sell, with breaks at 7 and 14 days to departure when price increases. Moreover, at a fixed point prior to the departure date, fares rise as the inventory decreases. These findings are consistent with various theoretical models of optimal pricing under uncertain demand and perishable inventories (e.g., Gallego and van Ryzin (1994) , Zhao and Zheng (2000) , Su (2007) and various references therein). In addition, the higher fares with lower inventories is also consistent with models that predict dispersed prices when capacity is costly, demand is uncertain, and when prices are set ex-ante (e.g., Prescott (1975) ).
To assess whether carriers learn about the aggregate demand during the sales season, I estimate a dynamic demand equation and a dynamic pricing equation that jointly characterize the adjustment process between prices and sales as the flight date nears. These two equations are consistent with rational expectations models and allow sellers and buyers to behave dynamically: Current decisions to price and buy can be affected by prior realizations of fares and sales. In addition, agents can form their own beliefs and adopt forward-looking perspectives. The results show that demand shocks have a positive and much larger effect on prices than the positive effect of anticipated sales. This is evidence that carriers differentiate between expected and unexpected sales, and adjust their prices as new information about the pattern of sales is revealed. Aggregate demand learning and price adjustment, combined with a downward-sloping dynamic demand, mean that carriers can partially control the evolution of cumulative bookings using prices. Table 6 provides robustness results for the estimation of the dynamic demand equation.
The first three columns treat ln(Fare) as weakly exogenous, while columns 4 through 6 treat it as endogenous. Instruments for the first-differenced equations in the first three columns are lags of ∆Load ij,t−1 and ln(Fare) ijt , with column 1 using the first two lags, column 2 the first three lags, and column 4 the first four lags. The instruments used in the levels equations in the first three columns are all the same: ∆ 2 Load ij,t−1 and ∆ ln(Fare) ijt . When ln(Fare) ijt is treated as potentially endogenous, the instruments in the first-differenced equations are lags of ∆Load ij,t−1 and ln(Fare) ij,t−1 . Columns 4, 5, and 6 use the first 2, 3, and 4 lags respectively. For all the levels equations the instruments are ∆ 2 Load ij,t−1 and ∆ ln(Fare) ij,t−1 . ∆DayAdv t acts as its own instrument in the difference equation across all specifications.
[ Table 6 , here.]
The results show that the coefficients on ln(Fare) and DayAdv from Table 4 are robust to the selection of the instrument list and the addition of the second-order autoregressive term. I use the results in columns 3 and 6 -which pass all three specification tests -to obtain alternative estimates of the booking curve and the demand shocks. Table 7 provides robustness results for the dynamic pricing with learning equation using these alternative BC and S. The instruments across different columns follow the same criteria as previous pricing equations. All the specifications show that the response of prices to demand shocks is greater than the response to anticipated sales, which is evidence of aggregate demand learning and price adjustment. Note that in Table 7 the estimates of the autoregressive term suggest that ln(Fare) could be a random walk. Following and Bond et al. (2005) , I estimated a simple OLS AR(1) specification for ln(Fare), which rejected the unit-root null. This is important because if ln(Fare) followed a random walk, lagged values of ln(Fare) would be uncorrelated with its first differences and the difference GMM estimator would not identify α. In that case Bond et al. (2005) and Binder et al. (2005) explain that identification comes from the levels equation under the additional assumption that var(ln(Fare) ij1 )< ∞. That is, the variance of the initial logarithm of prices is finite.
[ corrected standard errors of the GMM two-step estimates. ‡ significant at 10%; † significant at 5%; * significant at 1%. a For the GMM, the null hypothesis is that the errors in the first-difference regression exhibit no secondorder serial correlation (valid specification). b The null hypothesis is that the instruments are not correlated with the residuals (valid specification). c The null hypothesis is that the additional instruments used in the levels equations are not correlated with the residuals (valid specification). Notes: The dependent variable is ln(Fare) ijt . The figures in parentheses in columns 1 through 4 are the Windmeijer finite-sample corrected standard errors of the GMM two-step estimates. For columns 7 through 10 are bootstrap standard errors based on the two-step procedure, 500 replications and clustered by flight. ‡ significant at 10%; † significant at 5%; * significant at 1%. a b c See notes on Table 2 . d The null hypothesis is that coefficients on expected and on unexpected sales (demand shocks) are the same. Table 2 . d The null hypothesis is that coefficients on expected and on unexpected sales (demand shocks) are the same.
